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Background: In the ongoing battle against breast cancer, a leading cause of cancer-
related mortality among women globally, the urgent need for innovative prognostic
markers and therapeutic targets is undeniable. This study pioneers an advanced
methodology by integrating machine learning techniques to unveil a vascular
mimicry signature, offering predictive insights into breast cancer outcomes.
Vascular mimicry refers to the phenomenon where cancer cells mimic blood
vessel formation absent of endothelial cells, a trait associated with heightened
tumor aggression and diminished response to conventional treatments.

Methods: The study’'s comprehensive analysis spanned data from over 6,000
breast cancer patients across 12 distinct datasets, incorporating both proprietary
clinical data and single-cell data from 7 patients, accounting for a total of 43,095
cells. By employing an integrative strategy that utilized 10 machine learning
algorithms across 108 unique combinations, the research scrutinized 100
existing breast cancer signatures. Empirical validation was sought through
immunohistochemistry assays, alongside explorations into potential
immunotherapeutic and chemotherapeutic avenues.

Results: The investigation successfully identified six genes related to vascular
mimicry from multi-center cohorts, laying the groundwork for a novel predictive
model. This model outstripped the prognostic accuracy of traditional clinical and
molecular indicators in forecasting recurrence and mortality risks. High-risk
individuals identified by our model faced worse outcomes. Further validation
through IHC assays in 30 patients underscored the model's extensive
applicability. Notably, the model unveiled varying therapeutic responses; low-
risk patients might achieve greater benefits from immunotherapy, whereas high-
risk patients demonstrated a particular sensitivity to certain chemotherapies,
such as ispinesib.
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Conclusions: This model marks a significant step forward in the precise
evaluation of breast cancer prognosis and therapeutic responses across
different patient groups. It heralds the possibility of refining patient outcomes
through tailored treatment strategies, accentuating the potential of machine
learning in revolutionizing cancer prognosis and management.
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Introduction

Breast cancer remains one of the leading causes of
cancer-related mortality among women globally (1, 2),
necessitating continuous advancements in diagnostic and
prognostic technologies (3). Despite significant progress in
understanding and treating breast cancer, the complexity of
tumor biology, particularly the phenomenon of vascular
mimicry (VM), presents ongoing challenges (4). VM, a process
by which aggressive tumor cells mimic endothelial cells
to form vasculogenic-like networks, has emerged as a
critical factor in tumor growth, metastasis, and resistance to
conventional therapies (5). This underscores the urgent need for
innovative approaches to identify and target VM within the
tumor microenvironment.

Recent advances in machine learning (ML) offer unprecedented
opportunities to dissect complex biological processes, such as VM,
through the analysis of large-scale datasets (6, 7). ML-driven models
hold the promise of unveiling hidden patterns within tumor data,
offering insights that could lead to the development of novel
therapeutic strategies (8). However, the application of ML in
understanding VM’s role in breast cancer and its potential as a
prognostic marker remains underexplored.

This research aims to bridge this gap by developing and
validating a novel ML-driven VM signature that can accurately
predict breast cancer outcomes. Our study leverages multi-omics
data to construct a detailed landscape of VM in breast cancer,
highlighting its heterogeneity and pivotal role in tumor progression.
By introducing a robust ML model capable of identifying VM-
related signatures in breast cancer, our research contributes
significantly to the field. In summary, our study not only
addresses a critical gap in the current understanding of VM in
breast cancer but also demonstrates the novel application of ML in
uncovering potential therapeutic targets. As we move forward, it is
imperative to explore these new frontiers in cancer research,
leveraging cutting-edge technologies to combat one of the most
challenging diseases of our time.
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Methods
Data acquisition

Comprehensive gene expression profiles, mutation information,
and essential clinical data were harvested from breast cancer cases
in the TCGA database, with a focus on cases replete with survival
data to ensure data integrity. Our methodology was further fortified
by incorporating supplemental datasets retrieved from the GEO and
MetaGxData databases (9). These datasets included GSE20685,
GSE131769, GSE20711, GSE24450, GSE202203, GSE21653,
GSE86166, GSE8532, GSE48391, and PNC, allowing for the
substantiation of our VM-model across varied cohorts and
enhancing the credibility of our research. The VM-related genes
were retrieved from published study (10).

Single-cell sequencing technique

Leveraging single-cell information from the GEO dataset
GSE161529 (11), we began by filtering out genes not expressed in
the dataset. Following normalization via Seurat’s “SC Transform,” we
applied PCA and UMAP for dimensionality reduction and clusters
were delineated using Seurat’s clustering functions. To ensure the
quality of the dataset, we used DoubletFinder to identify and remove
potential doublets (12), and stringent criteria were applied to exclude
cells based on mitochondrial content or gene count. After rigorous
quality checks, we retained a pool of 43,095 cells for detailed
examination. The classification of cell types was achieved using
Celltypist (13), which established a solid base for our subsequent
analyses, identifying tumor cells via the copyKAT algorithm (14).

Inter-cellular communication analysis

With the “CellChat” package in R (15), tailored CellChat
objects were generated for each patient group. Employing
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“CellChatDB.human” as a reference, we proceeded with default
parameters for analysis. The “mergeCellChat” function was
instrumental in collating data to ascertain group-specific
interaction dynamics.

Functional analysis

Our analysis utilized the GO and KEGG databases to probe the
variations in VM-related gene expression (16, 17). The Enrichplot
package and clusterProfiler algorithm supported the Gene Set
Enrichment Analysis (GSEA), focusing on differences between
risk subgroups (18). A false discovery rate under 0.05 demarcated
significant findings.

Calculating the VM-score

Differential expression analysis on the TCGA-BRCA dataset
helped us to discern gene activity distinctions in breast cancer
compared to normal tissue. The ssGSEA and Ucell were employed
on bulk and single-cell data respectively to derive a VM-score from
these differentially expressed genes (DEGs) (19, 20). This score
serves as a surrogate for VM activity in the cancer tissue. It’s
essential to clarify that the VM-score does not directly quantify
vascular structures but rather estimates activity from VM-
associated gene expression. This analysis is pivotal as it juxtaposes
the genetic activity profiles of cancerous and normal tissues,
potentially reflecting the tumors’ vascular characteristics.
Correlation through Spearman analysis with immune cell
presence furnished a detailed insight into the role of the VM-
score in the oncological context.

Developing the VM prognostic model

Adopting the methodology introduced by Liu et al. (21), a VM
prognostic model was created by applying ten diverse
computational algorithms, each contributing uniquely to variable
selection and dimension reduction, particularly RSF, LASSO,
CoxBoost, and Stepwise Cox. The prognostic signature, derived
from the TCGA-BRCA data, was evaluated across multiple datasets
by its average C-index, revealing the model with the strongest
predictive capacity for breast cancer outcomes. Our VM-model,
evaluated through calibration curves, DCA, and multivariate Cox
regression, stands as a testament to the study, acting as a robust
instrument for outcome prediction in breast cancer. The risk scores
were computed as follows:

riskcore = zn:(ﬁl x Exp;)
=1

In this equation, ‘n’ represents the total number of VM genes
included in the model, ‘Exp’ denotes the expression levels of the VM
genes, and ‘B’ signifies the coefficients derived from the multivariate
Cox regression model. The stratification of patients into different
risk categories based on these scores allowed for a nuanced survival
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analysis. Utilizing external datasets validated the VM-model’s
applicability across diverse patient populations. Kaplan-Meier
analysis, with statistical significance set at a p-value below 0.05,
was pivotal in establishing the model’s prognostic value across
varied cohorts.

Genomic alteration evaluation

Genetic variations between breast cancer patient groups
stratified by risk level were explored harnessing the TCGA-BRCA
repository to analyze mutation frequencies and copy number
variations (CNA). Our study quantified tumor mutational burden
(TMB) using data from TCGA’s raw mutation files, applying
maftools to map mutations, particularly focusing on the most
frequently altered genes (mutation rate > 5%). Using the
deconstructSigs tool, we dissected patient-specific mutational
patterns, uncovering four significant signatures (SBS1, SBS3,
SBS11, SBS12) prevalent in the breast cancer cohort. Our scrutiny
extended to chromosomal alterations, highlighting the five most
affected regions by amplification or deletion. Particular attention
was paid to four genes within the 3q26.32 and 19q13.32 regions.
Through this detailed examination, we aim to elucidate the genetic
factors that might influence the different risk levels and prognoses
observed in breast cancer patient groups.

Identifying TME disparities

In examining the varying immune cell infiltration in breast
cancer patients stratified by VM-model, we leveraged the IOBR
package to implement a battery of algorithms—MCPcounter, EPIC,
xCell, CIBERSORT, quanTIseq, and TIMER—for a thorough and
multi-perspective analysis (22-28). We further incorporated
the ESTIMATE and TIDE indices to probe the immune
microenvironment within the TME (29, 30). This investigation is
essential for tailoring immunotherapeutic approaches and
anticipating treatment outcomes for individuals with breast cancer.
Additionally, we measured the presence of immune checkpoints to
gain further understanding of the TME’s immune landscape. This
metric is crucial for estimating the likelihood of patient responses to
ICIs, integral to individualized cancer treatment regimens.

Determining therapeutic targets and drugs

After eliminating duplicates, we curated an extensive list of
6,125 substances from the Drug Repurposing Hub (https://clue.io/
repurposing). This endeavor aimed to forecast chemotherapy
reactions and pinpoint potential therapeutic targets, hinging on
Spearman correlations between risk scores and gene expression. We
spotlighted genes linked to breast cancer prognosis, with emphasis
on those presenting a correlation coefficient beyond 0.2 and P-value
under 0.05. Our analysis included scrutinizing CERES scores
against risk scores to isolate genes tied to poor outcomes using
CCLE data (31).
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To refine drug response forecasts, we harnessed the CTRP and
PRISM resources, rich in drug and molecular data across cancer cell
lineages. The pRRophetic package, employing a ridge regression
model, was utilized to anticipate drug reactions using solid cancer
cell line data, underpinned by 10-fold cross-validation (32).

We also embarked on a CMap analysis to discern optimal
therapeutic agents for breast cancer, contrasting gene expression
profiles across risk categories, and processing the top 300 genes
through the CMap portal (https://clue.io/query). The inverse
relationship between CMap scores and potential treatment
efficacy in breast cancer emerged, guiding drug selection efforts.

gRT-PCR and patient stratification

The 30 breast cancer tissues were obtained from patients who
underwent surgery for in situ breast cancer at Guizhou Provincial
People’s Hospital. Total RNA from breast cancer tissues was
extracted with TRIzol (Invitrogen, USA). Subsequent cDNA
synthesis and qRT-PCR were conducted using GoScript reverse
transcriptase and Master Mix (Promega) as per the guidelines
provided. The CFX96 Touch Real-Time PCR Detection System
(BioRad, USA) was utilized for data acquisition. Gene expression
normalization was done using GAPDH as the control, with the 2
AACY method determining relative expression levels. Based on gene
expression analysis, patients were classified into low or high-risk
groups in line with the VM-model’s prescribed equation.

Immunohistochemistry experiment

HE staining was performed on our collected breast cancer
samples. Diagnostic assessment of the stained slides was
independently carried out by two pathologists to maintain
objectivity. Additional patient demographics and clinical
attributes are detailed in Supplementary Table S1.

Immunohistochemistry (IHC) was performed on paraffin-
embedded samples, applying techniques described in earlier studies
(33, 34). The antibodies used are detailed in Supplementary Table S2.
Protein expression was quantified using established scoring
systems, with independent assessments made by two pathologists,
mirroring protocols from previous research (34), to guarantee
dependable evaluation.

Results

Deciphering the VM-related genes in
breast cancer

Our integrative heatmap analysis reveals distinct expression
patterns of the first 24 genes associated with VM in breast cancer
patients compared to normal individuals (Figure 1A). To elucidate
the interplay between these VM regulators, we grouped them into
three clusters and depicted their interactions in a regulatory network.
Here, significant associations were uncovered; for example, NOTCH]1
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and TFPI from Cluster B exhibited a synergistic effect, in contrast to
TF and MAPK3 from Cluster A, which demonstrated an antagonistic
relationship. A particularly strong positive correlation was identified
between PIK3CA and NOTCH1 (Figure 1B). To probe the
connection between VM and breast cancer (breast cancer)
progression, VM scores for each sample were computed utilizing
the ssGSEA algorithm based on differentially expressed VM
moderators. The compiled data revealed that breast cancer patients
had significantly lower VM scores than those without breast cancer,
corroborated by external datasets GSE93601, GSE70947, and
GSE76250 (Figures 1C-E). Our gene function map highlights the
involvement of VM-related genes in pathways like VEGF signaling,
chemokine signaling, and cell adhesion (Figure 1G). Moreover,
unique correlation pattern between VM-score and 25 infiltrating
immune cells were observed (Figure 1H), as well as significant
correlations with Thl cells (Figure 1I) and CD8 T cells (Figure 1])
within the tumor microenvironment. These findings illustrate the
complex regulatory landscape of VM in breast cancer, offering
insights into potential biomarkers and therapeutic targets.

Single-cell dissection of VM activity

In a novel single-cell analysis, we enrolled eight patients and
examined normal and tumor tissues (Figures 2A, B). This led to the
identification of 13 distinct cell clusters, within which we annotated
seven cell types (Figures 2C, D). Representative markers and top
differentially expressed genes (DEGs) for each cell type were
highlighted (Figures 2E, F). An analysis of the cell type proportions
revealed a tumor-associated increase in T cells, B cells, macrophages,
and epithelial cells, alongside a reduction in plasma cells, fibroblasts,
and endothelial cells in tumor tissue (Figure 2G). Utilizing the UCell
algorithm, we computed a VM-score for individual cells (Figure 2H)
and estimated the correlation of VM-scores with the seven annotated
cell types (Figure 2I). To specifically interrogate VM-score dynamics
within cancer cells, we conducted a copyKAT analysis on epithelial
cells, delineating genomic profiles (Figure 2]). Notably, VM scores
were significantly elevated in aneuploid tumors compared to the
normal group within epithelial cells, suggesting a potential link
between aneuploidy and VM activity (Figure 2K).

Elucidating cell-cell interaction dynamics
in breast cancer

A CellChat analysis was undertaken to decipher the intricate
web of cell-cell interactions during breast cancer progression. Our
analysis demonstrated a notable decline in the number and strength
of interactions among tumor cells. In contrast, plasma cells showed
an increase in interaction frequency and intensity, particularly with
B cells and macrophages (Figures 3A, B). We further explored
specific communication pathways and discovered that signaling via
PTPRM, MIF, MK, PECAM1, and SPP1 was markedly more active
in the tumor group compared to the normal group (Figure 3C).

Additionally, fibroblasts displayed a consistent outgoing
interaction intensity in both normal and tumor tissues.
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FIGURE 1
Deciphering the VM-related Genes in Breast Cancer. (A) Heatmap displaying differential expression of 24 key VM-related genes across normal
individuals and breast cancer patients. (B) Regulatory network of VM-related genes organized into three clusters, illustrating interactions and
correlations. (C—F) VM scores of breast cancer patients versus non-cancer individuals, calculated using the ssGSEA algorithm, with lower VM scores
observed in patients across TCGA-BRCA and external datasets GSE93601, GSE70947, and GSE76250. ***P < 0.001. (G) Gene function map indicating
the involvement of VM genes in critical pathways. (H) Correlation heatmap showing the relationship between VM scores and 25 types of infiltrating
immune cells in the tumor microenvironment. (I-J) Scatter plots demonstrating significant correlations between VM scores and Th1 cell presence
(1), as well as CD8 T cell presence (J), within the tumor microenvironment. ****P < 0.0001.

Intriguingly, epithelial cells showed the highest incoming interaction
intensity in normal tissue, highlighting their potential role in
maintaining tissue homeostasis (Figure 3D). In the context of VM,
our findings reveal a propensity for increased communication
involving ITF and CD74+CXCR4 within each signaling pathway in
the tumor group. Notably, the interaction between COL1Al and
CD44 emerged exclusively in the tumor group, underscoring a
tumor-specific communication signature (Figure 3E).
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Constructing a VM prognostic model via
machine learning

To capitalize on VM-related genetic markers for prognostication in
breast cancer, we engineered a VM-model by harnessing machine
learning. A comprehensive suite of 108 algorithmic strategies was
deployed, each rigorously vetted through ten-fold cross-validation
within the TCGA-BRCA training cohort and five supplementary
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Single-Cell Dissection of VM Activity. (A, B) t-SNE plots illustrating patient samples and the distribution of normal and tumor tissues from an eight-
patient cohort. (C, D) Identification of 13 unique cell clusters and annotation of seven distinct cell types within the tumor microenvironment.

(E, F) Representative markers and differentially expressed genes for each identified cell type, highlighting the molecular diversity across clusters.

(G) Bar graph comparing the proportion of T cells, B cells, macrophages, epithelial cells, plasma cells, fibroblasts, and endothelial cells in normal
versus tumor tissue, evidencing a shift towards an immunosuppressive and pro-tumorigenic milieu in cancer. (H) Density plot of VM-score
calculated using the UCell algorithm for individual cells. (I) Violin plots demonstrating the correlation of VM-score with seven annotated cell types,
suggesting the differential involvement of these cells in VM processes. (J) Heatmap generated from copyKAT analysis indicating genomic variations.
(K) Distribution of VM-score in epithelial cells comparing normal, tumor-diploid, and tumor-aneuploid groups, revealing the potential mechanistic
links between aneuploidy and VM activity.

external cohorts. This approach enabled us to distill the algorithmic  as significant prognosticators of breast cancer outcomes (Figures 4B,
efficacy, quantified via the mean C-index across cohorts (Figure 4A).  C). Risk stratification, predicated on the expression profiles of these
Subsequently, a Random Survival Forest (RSF) algorithm emerged as  genes, delineated patients into high-risk and low-risk categories. A
the cornerstone for our VM prognostic model. This model identified =~ heatmap depicted these genes” expression levels, which were markedly
six key genes—TWIST1, TFPI, PIK3CA, TF, NOTCH]I, and SNAI1—  elevated in the high-risk cohort (Figure 4D). Kaplan-Meier analysis
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underscored a pronounced survival advantage for the low-risk group
(Figure 4E), while the kernel-smoothing hazard function plot intimated
an escalated recurrence risk among the high-risk faction (Figure 4F).
To corroborate these findings, we constructed a time-dependent
receiver operating characteristic (ROC) curve, assessing the model’s
predictive precision over 3, 5, and 10 years. The area under the curve
(AUC) for these time points were calculated as 0.631, 0.646, and 0.719,
respectively, validating the model’s prognostic strength (Figure 4G).

Evaluating and validating the predictive
efficacy of the VM-model

The VM-prognostic model was rigorously assessed against
established clinical factors using the TCGA dataset, with
univariate and multivariate Cox regression analyses affirming its
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superior predictive performance (Figure 5A). This confirms the
VM-model as a robust, independent prognostic factor for breast
cancer. A nomogram incorporating the VM-model and
clinicopathological factors was developed to forecast survival
probabilities at 1-year, 3-year, and 5-year intervals (Figure 5B).
Calibration curves for the nomogram’s 1-year, 3-year, and
5-year predictions exhibited high concordance with actual
observed survival outcomes, underscoring the model’s accuracy
(Figure 5C). The predictive values of the VM-model chart closely
aligned with ideal observations, indicating no significant statistical
discrepancy (Figure 5D). The model’s predictive graph surpassed
the “Treat All” and “Treat None” benchmark curves, further
confirming its reliable prognostic capabilities (Figure 5E).

In comparative analyses, the AUC value of the VM-model’s risk
score eclipsed those of age, menopause status, lymph node
involvement, progesterone receptor, estrogen receptor, HER2
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FIGURE 4

Constructing a VM Prognostic Model via Machine Learning. (A) The mean C-
fold cross-validation across the TCGA-BRCA cohort and additional external cohorts, displaying the predictive accuracy of each model. (B) RSF variable
importance plot demonstrating error rate in several different trees. (C) The importance of enrolled VM genes. (D) Heatmap detailing the expression
patterns of the six prognostic genes across high-risk and low-risk patient groups, with notable overexpression in the high-risk category. (E) Kaplan-Meier

survival curves contrasting the high-risk and low-risk groups, with a marked

function plot indicating the differential recurrence risk over time between the high-risk and low-risk groups. (G) Time-dependent ROC curves assessing

the predictive performance of the VM-model over 3, 5, and 10-year survival

expression, and TNM stages, in forecasting potential outcomes
(Figure 5F). Extensive comparisons utilizing the C-index across the
10 cohorts further demonstrated the VM-model’s superior accuracy
against 100 other signatures. Our VM-model consistently
outperformed other models, ranking first in most cohorts, validating
its exceptional robustness and prognostic relevance (Figure 5G).

Multi-omics dissection of genetic variability
through the lens of the VM-model

We embarked on a multi-omics interrogation of genomic
diversity within the context of the VM-prognostic model,
scrutinizing mutation profiles and copy number variances
(Figure 6A). Our study highlighted the significant difference in
TMB between the two VM groups, with the high-risk group
exhibiting a markedly elevated TMB (p = 0.00099). This
increased TMB is indicative of a higher genetic instability in
high-risk tumors, which may contribute to their aggressive
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behavior and poor prognosis (Figure 6B). Our findings further
elucidated that tumor suppressor genes TP53 and PIK3CA
underwent mutations with a greater rate in the high-risk group
than in the low-risk cohort. Additionally, our comparative analysis
of copy number alterations (CNAs) underscored a significant
amplification or deletion in the high-risk group, notably at
chromosomal hotspots such as 3q26.32, 20q13.2, and 10p15.1,
coupled with deletions at 5q21.3, 11p15.5, 19p13.3, and 19q13.32.
These variations were substantiated by the conspicuous
amplification of oncogenes ZMAT3, KCNMB2, and PIK3CA at
3q26.32, and the pronounced deletion of tumor suppressor genes
TLE2, TJP3, ZFR2, and ATCAY at 19q13.32. The high-risk group
was then characterized by a significantly augmented tumor
mutational burden (TMB), with TP53 mutations presenting a
marked increase compared to the low-risk group, reinforcing its
genetic susceptibility (Figure 6C).

The heatmap analysis unveiled differential expression patterns
of six pivotal VM modulators, among which TF and TFPI2 were
distinctly upregulated in the high-risk category (Figure 6D).
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Evaluating and Validating the Predictive Efficacy of the VM-Model. (A) Forest plots from univariate and multivariate Cox regression analyses showing
hazard ratios that establish the VM-model as a significant independent predictor of breast cancer prognosis. (B) A comprehensive nomogram
integrating the VM-model with clinical factors to predict 1-year, 3-year, and 5-year survival probabilities, providing a personalized risk assessment
tool. (C) Calibration curves for the nomogram demonstrating alignment with actual survival outcomes at 1, 3, and 5 years, validating the nomogram's
predictive accuracy. (D) DCA illustrating the clinical utility of the VM-model by comparing the net benefits of different treatment strategies.

(E) Comparison of the VM-model's predictive graph with Treat All' and ‘Treat None' strategies, confirming the model's utility in guiding clinical
decisions. (F) ROC curves displaying the AUC for the VM-model's risk score against other clinical factors, indicating superior prognostic
performance. (G) A lengthy chart comparing the C-index of the VM-model with 100 other prognostic signatures across various cohorts,
demonstrating the model's top-ranking accuracy and robustness. *P < 0.

Assessing risk in relation to patient age and survival status disclosed
a trend where higher risk scores were associated with advanced age
and decreased survival (Figures 6E, F). Through functional
annotation and gene enrichment assessments, we discerned an
inhibited immune response concurrent with an activation of cell
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05, **P < 0.01, ***P < 0.001, ****P < 0.0001.

cycle and extracellular matrix organization pathways in the high-
risk group (Figures 6G, H). This comprehensive analysis provides a
nuanced understanding of the molecular underpinnings that could
be instrumental in the progression of breast cancer, laying a
foundation for potential therapeutic interventions.
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FIGURE 6

Multi-Omics Dissection of Genetic Variability through the Lens of the VM-Model. (A) A detailed heatmap showcasing the mutation profiles and copy
number variations across the genome of high-risk and low-risk breast cancer patient groups. (B) Boxplots indicating TMB stratified by risk groups,
with the high-risk group exhibiting a significantly elevated TMB. (C) Proportion charts showing the percentage of TP53 mutation occurrence within
the high-risk and low-risk groups, emphasizing the genetic vulnerability of the high-risk group. (D) Heatmap representing the expression levels of six
key VM modulator. (E, F) Violin plots correlating patient risk scores with age and survival status, suggesting an association between higher risk
scores, advanced age, and poorer survival. ***P < 0.001. (G, H) GSEA plots illustrating the differential activation of various biological pathways
between the risk groups, with the high-risk group showing suppression of immune response-related genes and an upregulation of genes involved in

the cell cycle and extracellular matrix organization. *P < 0.05, **P < 0.01, ****P < 0.0001.

Frontiers in Immunology 10

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1414450
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al.

Delineation of the immune infiltration
landscape in breast cancer

We embarked on a detailed exploration of the immune infiltrate
landscape within breast cancer, employing a suite of computational
algorithms—MCPcounter, EPIC, xCell, CIBERSORT, quanTIseq,
and TIMER. This analysis illuminated distinct immune profiles
between high and low-risk groups. The high-risk group was
characterized by a pronounced infiltration of CD8 T cells and M2
macrophages, while the low-risk group displayed a notable presence
of M1 macrophages and plasma cells (Figure 7A).

Furthermore, we charted the cytokine milieu associated with
these immunoinfiltrates, discerning an increased expression of PD-
1 within the low-risk group, which denotes a potential for a broader
spectrum of therapeutic targets and possibly superior treatment
outcomes (Figure 7B).

To validate and deepen our understanding of the TME, we
conducted THC staining of pivotal cellular markers and immune
checkpoints. The representative staining of these IHC samples
provided visual confirmation of the immune cell distributions
(Figures 7C). The findings here reinforce the significance of
immune cell profiles in determining patient risk stratification and
underscore the potential for targeted immunotherapy approaches
based on individual risk group categorizations.

Forecasting immunotherapy outcomes
with the VM-model

The potential of the VM-model to predict responses to
immunotherapy was probed. Differential levels of TIDE suggested
higher levels of immune evasion in the high-risk group, though this
did not extend to the exclusion metric (Figure 8A). Prognostically,
patients with higher TIDE scores yet lower risk scores showcased
the most favorable outcomes (Figure 8B). Additionally, there was a
significant positive correlation between the risk score and
proliferation, homologous recombination defects, and TGF-beta
response, while lymphocyte infiltration signatures were inversely
related (Figure 8C).

The probability of survival following PD-1 blockade therapies
was higher in the low-risk group, suggesting an inverse relationship
with the VM-based risk score (Figure 8D). Exploring the
therapeutic outcomes further, a lower risk score correlated with a
therapeutic benefit, particularly in response to PD-1 inhibitors
(Figure 8E). The high-risk group fared poorly in terms of
treatment efficacy, whereas the low-risk group showed a clear
treatment advantage (Figure 8F). The risk score showed a positive
correlation with PD-1 expression, suggesting its utility in
identifying potential beneficiaries of PD-1 blockade therapy
(Figure 8G). A distribution map pinpointed the differences in
PD-1 immunotherapy responses between individual patients,
underlining the variability within the cohort (Figure 8H). Over
the past years, immune checkpoint inhibitors targeting PD-1, such
as pembrolizumab and nivolumab, and CTLA-4, like Tremzumab,
have been integrated into the immunotherapeutic landscape.
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However, their efficacy in solid tumors, breast cancer included,
has been modest.

To evaluate the prognostic value for immune checkpoint
blockade response, we employed SubMap algorithms stratified by
VM-model. Notably, patients with low-risk appeared more
responsive to PD-1 blockade (Bonferroni corrected p = 0.029)
(Figure 8I). Furthermore, the low-risk group manifested a
markedly enhanced potential for response to both anti-PD-1/PD-
L1 and anti-CTLA-4 treatments (Figure 8]).

Strategic selection of therapeutic targets
and agents for high-risk VM patients

In our quest to discover actionable therapeutic targets for high-
risk breast cancer patients with poor prognoses, we embarked on a
methodical compilation of target data for 6,125 compounds. A two-
phased analytical process ensued to discern viable candidates.
Initially, we calculated the correlation coefficients to gauge the
interplay between druggable gene expression levels and VM-based
risk scores, isolating 246 gene targets with coefficients exceeding
0.20 (p < 0.05). Subsequently, correlation analyses on high-risk
breast cancer cell lines honed in on 74 targets with poor prognostic
dependencies, as evidenced by their CERES scores aligned with risk
scores. As a result, a total of six gene targets were generated that met
the two conditions of the appeal (Figure 9A).

This approach spotlighted five genes as prime therapeutic
targets, suggesting that disruptions in these genes might offer
clinical benefits to breast cancer individuals. Evaluations of drug
sensitivity further distilled the list to five genes, markedly responsive
to therapeutic agents (Figure 9B). Drug response analyses indicated
four compounds—paclitaxel, SB-743921, leptomycin B, and
ispinesib—garnered lower estimated AUC values in high-risk
cohorts, hinting at a greater ameliorative potential for these
patients (Figures 9C, D).

We undertook a comprehensive analysis encompassing clinical
status and experimental evidence, referencing PubMed, to ascertain
the most viable therapeutic options among the candidates.
Enhanced fold changes in gene expression levels hinted at these
compounds’ therapeutic potency for breast cancer treatment.
Complementary to this, Connectivity Map (CMap) analysis was
employed to filter for compounds exhibiting gene expression
profiles antithetical to breast cancer-specific patterns. Notably,
ispinesib manifested a CMap score surpassing -35, delineating it
as a particularly potent candidate (Figure 9E). This integrative
approach ensures that the highlighted therapeutic agents not only
demonstrate strong in vitro efficacy but also possess substantial
clinical and preclinical backing.

Discussion

Breast cancer has a high incidence and mortality rate
worldwide, especially among women, is the most common cancer,

and current treatments for breast cancer include targeted therapy,
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(B) Bar graph representation of cytokine profiles linked to immunoinfiltrating cells. (C) IHC staining panels of key immune markers. *P < 0.05,
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hormone therapy, and radiation therapy (35, 36). Surgery is an
important treatment strategy for individuals whose breast cancer
has not yet spread to other parts of the body (37). But in most
women, the absence of breasts can lead to feelings of asexuality and
loss of self-image, which can lead to depression (38). So clinicians
and surgeons focus not only on the tumor-specific characteristics of
breast cancer, but also on patient function, tolerance, comorbidities,
and life expectancy to determine the best treatment (39). Therefore,
it is necessary to find new factors to predict the prognosis of breast
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cancer patients. The integration of ML techniques to unravel the
complexity of VM in breast cancer marks a pivotal advancement in
our understanding of tumor biology. Our findings underscore the
significant potential of ML-driven models to predict breast cancer
outcomes by identifying a VM signature. This approach not only
enhances our grasp of VM’s role in cancer progression but also
opens new avenues for targeted therapy development.

Our study focused on identifying VM-associated genes, which
are critical for the formation of vascular mimicry structures within
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FIGURE 8

Forecasting Immunotherapy Outcomes with the VM-model. (A) Box plots depicting levels of TIDE, demonstrating increased immune evasion in the
high-risk group compared to the low-risk group. (B) Kaplan-Meier survival curves illustrating the impact of TIDE and risk score on patient prognosis,
with low-risk and lower TIDE scores associated with better outcomes. (C) Scatter plots showing the correlation of the risk score with various cellular
processes. (D) Survival analysis of patients treated with PD-1 blockade therapy, highlighting improved outcomes in the low-risk group. (E, F) Violin
plots and bar graphs assessing therapeutic benefits associated with PD-1 inhibitors, indicating a lower risk score is correlated with better therapeutic
responses, especially in the low-risk group. (G) A ROC curve analysis presenting the relationship between PD-1 expression and VM-model risk score,
suggesting the potential for identifying likely responders to PD-1 blockade therapy. (H) A horizontal bar chart visualizing the differential response to
PD-1 immunotherapy across the patient cohort, emphasizing the diversity in treatment response. (I) Heatmap derived from SubMap algorithm
analysis, revealing that low-risk patients are more responsive to PD-1 blockade treatments. (J) Bee-swarm plots showcasing the enhanced potential
for response to anti-PD-1/PD-L1 and anti-CTLA-4 therapies in the low-risk group.

high

tumors. Using machine learning algorithms on multi-omics data
from over 6,000 breast cancer patients, we identified six key genes
significantly associated with VM and patient risk scores: EP300,
PIK3CA, DMXLI1, LS, ABL2, and CDK4. These genes serve as
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potential biomarkers for high-risk patients, indicating a more
aggressive cancer phenotype.

In the context of previous research, our findings align with

studies highlighting the role of PIK3CA and EP300 in tumor
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FIGURE 9

Strategic Selection of Therapeutic Targets and Agents for High-Risk VM Patients. (A) Scatter plots detailing the correlation between VM risk scores
and the expression levels of potential druggable genes, with a focus on those exceeding a correlation coefficient threshold of 0.20 (p < 0.05),
indicating a significant relationship with prognostic risk. (B) Network graph of the identified targets, overlaid with drug sensitivity data, showing which
genes are most responsive to existing therapeutic compounds, thereby spotlighting five key genes as high-value targets for therapeutic intervention.
(C) Bubble chart from the CTRP demonstrating the correlation between gene targets and drug sensitivity, with larger bubbles representing a
stronger relationship indicative of potential drug efficacy. *P < 0.05, **P < 0.01. (D) Box plots comparing the estimated area under the dose-
response curve (AUC) for four selected compounds between high-risk and low-risk groups, revealing lower AUC values for the high-risk group,
suggesting these patients may derive more benefit from these drugs. *P < 0.05. (E) Bar chart juxtaposing clinical trial status and experimental
evidence from literature with CMap scores, where ispinesib shows a highly negative CMap score, suggesting a significant potential for reversing

breast cancer-specific gene expression patterns.

progression and VM formation. PIK3CA mutations are known to
activate the PI3K/AKT signaling pathway, promoting cell
proliferation and survival, which are crucial for VM structures
(40, 41). EP300, a histone acetyltransferase, regulates gene
expression involved in cell cycle and differentiation, further
supporting its association with VM (42).

Our analysis further revealed significant differences in the tumor
microenvironment between high-risk and low-risk groups. High-risk
patients exhibited altered interactions, particularly involving
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macrophages and plasma cells, which are known to influence
tumor progression and immune evasion. These findings emphasize
the role of immune cells in the tumor microenvironment, with
macrophages (especially tumor-associated macrophages or TAMs)
contributing to an immunosuppressive environment that promotes
tumor growth and metastasis (43, 44). High-risk patients displayed a
higher TMB compared to low-risk patients. This is significant as
increased TMB is often associated with better responses to
immunotherapy due to higher neoantigen load and potential
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immune recognition (45). The differential expression patterns of
VMe-related genes in high-risk groups underscore the aggressive
nature of these tumors and highlight the importance of targeting
these molecular alterations for effective treatment.

In the second phase of our study, we evaluated the sensitivity
of VM-related genes to various compounds. This analysis
identified four drugs—paclitaxel, SB-743921, leptomycin B, and
ispinesib—as promising candidates due to their significant efficacy
in targeting high-risk breast cancer cells. Notably, ispinesib
emerged as the most promising candidate due to its high
specificity and therapeutic potency. Ispinesib’s mode of action as
a kinesin spindle protein (KSP) inhibitor effectively targets rapidly
proliferating tumor cells involved in VM. This mechanistic insight
aligns with previous studies demonstrating the efficacy of KSP
inhibitors in reducing tumor growth and enhancing apoptosis
(46). The CMap analysis further validated ispinesib’s potential,
revealing a gene expression profile antithetical to breast cancer-
specific patterns. To validate our findings, we conducted an
extensive literature review and performed CMap analysis. The
CMap scores for ispinesib and other compounds confirmed their
potential as effective treatments for high-risk VM patients. The
integration of clinical trial data from PubMed further reinforced
the therapeutic relevance of these drugs, highlighting their
potential to improve patient outcomes. Paclitaxel is widely used
in clinical settings, while ispinesib and SB-743921 have shown
promise in preclinical and early clinical trials, underscoring their
potential for clinical application (47).

While our model demonstrates robust predictive power, it’s
essential to acknowledge the limitations inherent in our study. First,
the reliance on single-cell RNA sequencing data, while providing
unparalleled resolution of tumor heterogeneity, may not capture the
entire spectrum of VM characteristics. Factors such as tumor
microenvironmental variations and the dynamic nature of VM
over the disease course pose challenges to model generalization.
Additionally, the performance of ML models, including ours, hinges
on the quality and diversity of the training data. Thus, our model’s
applicability to broader patient populations requires validation
across diverse datasets.

Another critical consideration is the assumption that VM’s
genomic signature remains constant across different stages of
breast cancer. This assumption, while necessary for model
development, may oversimplify the dynamic interplay between
tumor cells and their environment. Future iterations of our model
should incorporate temporal data to capture the evolution of VM
signatures over time.

In our previous work (6), we developed a predictive model for
breast cancer prognosis based on endoplasmic reticulum (ER)
stress-related genes. This study highlighted the critical role of ER
stress in tumor progression and response to therapy. The current
study advances this field by focusing on VM, a distinct mechanism
by which tumor cells mimic endothelial cells to form vasculogenic-
like networks, contributing to tumor growth and metastasis. The
novel VM model demonstrates robust predictive power, with a
significant improvement over traditional prognostic method. The
model’s ability to stratify patients based on VM activity provides a
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nuanced understanding of tumor biology, leading to more
personalized treatment approaches.

Conclusion

Our study represents a significant leap forward in the
application of ML to cancer research, specifically in the context of
VM in breast cancer. While acknowledging the limitations and
assumptions of our current model, we emphasize the vast potential
of this research to impact future diagnostic and therapeutic
strategies. The road ahead calls for collaborative efforts across
computational and clinical disciplines to refine, validate, and
translate these findings into clinical practice, ultimately aiming to
improve outcomes for breast cancer patients worldwide.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving humans were approved by the Ethics
Committee of Guizhou Provincial People’s Hospital (2023-070).
The studies were conducted in accordance with the local legislation
and institutional requirements. The participants provided their
written informed consent to participate in this study.

Author contributions

XL(1* author): Data curation, Formal analysis, Investigation,
Visualization, Writing — original draft. XL(2™® author): Investigation,
Resources, Visualization, Writing — original draft. BY: Methodology,
Resources, Writing — original draft. SS: Investigation, Resources,
Writing - original draft. SW: Investigation, Resources, Writing —
original draft. FY: Conceptualization, Methodology, Supervision,
Writing - review & editing. TW: Conceptualization, Formal analysis,
Investigation, Methodology, Resources, Validation, Visualization,
Writing — original draft, Writing — review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This work
was supported by the Talent Fund of Guizhou Provincial People’s
Hospital ((2022)-33), Guiyang Bureau of Science and Technology
major special program ((2022)-4-1), Doctor Fund of Guizhou
Provincial People’s Hospital (GSYSBS(2016)-1), and the
Foundation of Health and Family.

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1414450
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated

References

1. Barzaman K, Karami J, Zarei Z, Hosseinzadeh A, Kazemi MH, Moradi-
Kalbolandi S, et al. Breast cancer: Biology, biomarkers, and treatments. Int
Immunopharmacol. (2020) 84:106535. doi: 10.1016/j.intimp.2020.106535

2. Yuan Z, Zhou Y, Gao S, Cheng Y, Li Z. Homogeneous and sensitive detection of
microRNA with ligase chain reaction and lambda exonuclease-assisted cationic
conjugated polymer biosensing. ACS Appl Mater Interfaces. (2014) 6:6181-5.
doi: 10.1021/am500883q

3. Akram M, Igbal M, Daniyal M, Khan AU. Awareness and current knowledge of
breast cancer. Biol Res. (2017) 50:33. doi: 10.1186/s40659-017-0140-9

4. Morales-Guadarrama G, Garcia-Becerra R, Méndez-Peérez EA, Garcia-Quiroz J,
Avila E, Diaz L. Vasculogenic mimicry in breast cancer: clinical relevance and drivers.
Cells. (2021) 10:1758. doi: 10.3390/cells10071758

5. Patan S, Munn LL, Jain RK. Intussusceptive microvascular growth in a human
colon adenocarcinoma xenograft: a novel mechanism of tumor angiogenesis. Microvasc
Res. (1996) 51:260-72. doi: 10.1006/mvre.1996.0025

6. Yang B, Wang S, Yang Y, Li X, Yu F, Wang T. Endoplasmic reticulum stress in
breast cancer: a predictive model for prognosis and therapy selection. Front Immunol.
(2024) 15:1332942. doi: 10.3389/fimmu.2024.1332942

7. Wang S, Li Z, Hou J, Li X, Ni Q, Wang T. Integrating PANoptosis insights to
enhance breast cancer prognosis and therapeutic decision-making. Front Immunol.
(2024) 15:1359204. doi: 10.3389/fimmu.2024.1359204

8. YouY, Lai X, Pan Y, Zheng H, Vera ], Liu S, et al. Artificial intelligence in cancer
target identification and drug discovery. Signal Transduct Target Ther. (2022) 7:156.
doi: 10.1038/541392-022-00994-0

9. Gendoo DMA, Zon M, Sandhu V, Manem VSK, Ratanasirigulchai N, Chen GM,
et al. MetaGxData: clinically annotated breast, ovarian and pancreatic cancer datasets
and their use in generating a multi-cancer gene signature. Sci Rep. (2019) 9:8770.
doi: 10.1038/s41598-019-45165-4

10. Wang J, Xia W, Huang Y, Li H, Tang Y, Li Y, et al. A vasculogenic mimicry
prognostic signature associated with immune signature in human gastric cancer. Front
Immunol. (2022) 13:1016612. doi: 10.3389/fimmu.2022.1016612

11. Pal B, Chen Y, Vaillant F, Capaldo BD, Joyce R, Song X, et al. A single-cell RNA
expression atlas of normal, preneoplastic and tumorigenic states in the human breast.
EMBO J. (2021) 40:e107333. doi: 10.15252/embj.2020107333

12. McGinnis CS, Murrow LM, Gartner ZJ. DoubletFinder: doublet detection in
single-cell RNA sequencing data using artificial nearest neighbors. Cell Syst. (2019)
8:329-337.e4. doi: 10.1016/j.cels.2019.03.003

13. Dominguez Conde C, Xu C, Jarvis LB, Rainbow DB, Wells SB, Gomes T, et al.
Cross-tissue immune cell analysis reveals tissue-specific features in humans. Science.
(2022) 376:eabl5197. doi: 10.1126/science.abl5197

14. Gao R, Bai S, Henderson YC, Lin Y, Schalck A, Yan Y, et al. Delineating copy
number and clonal substructure in human tumors from single-cell transcriptomes. Nat
Biotechnol. (2021) 39:599-608. doi: 10.1038/541587-020-00795-2

15. Jin S, Guerrero-Juarez CF, Zhang L, Chang I, Ramos R, Kuan CH, et al. Inference
and analysis of cell-cell communication using CellChat. Nat Commun. (2021) 12:1088.
doi: 10.1038/s41467-021-21246-9

16. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene
ontology: tool for the unification of biology. Gene Ontology Consortium. Nat Genet.
(2000) 25:25-9. doi: 10.1038/75556

17. Kanehisa M, Sato Y, Kawashima M, Furumichi M, Tanabe M. KEGG as a
reference resource for gene and protein annotation. Nucleic Acids Res. (2016) 44:D457-
62. doi: 10.1093/nar/gkv1070

18. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. (2012) 16:284-7. doi: 10.1089/
omi.2011.0118

Frontiers in Immunology

10.3389/fimmu.2024.1414450

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.
1414450/full#supplementary-material

19. Hinzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf. (2013) 14:7. doi: 10.1186/1471-2105-14-7

20. Andreatta M, Carmona SJ. UCell: Robust and scalable single-cell gene signature
scoring. Comput Struct Biotechnol J. (2021) 19:3796-8. doi: 10.1016/j.csbj.2021.06.043

21. Liu Z, Guo C, Dang Q, Wang L, Liu L, Weng S, et al. Integrative analysis from
multi-center studies identities a consensus machine learning-derived IncRNA signature
for stage II/III colorectal cancer. EBioMedicine. (2022) 75:103750. doi: 10.1016/
j.ebiom.2021.103750

22. Becht E, Giraldo NA, Lacroix L, Buttard B, Elarouci N, Petitprez F, et al.
Estimating the population abundance of tissue-infiltrating immune and stromal cell
populations using gene expression. Genorme Biol. (2016) 17:218. doi: 10.1186/s13059-
016-1070-5

23. Racle ], Gfeller D. EPIC: A tool to estimate the proportions of different cell types
from bulk gene expression data. Methods Mol Biol (Clifton N.J.). (2020) 2120:233-48.
doi: 10.1007/978-1-0716-0327-7_17

24. Aran D, Hu Z, Butte AJ. xCell: digitally portraying the tissue cellular
heterogeneity landscape. Genome Biol. (2017) 18:220. doi: 10.1186/5s13059-017-1349-1

25. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods. (2015)
12:453-7. doi: 10.1038/nmeth.3337

26. Finotello F, Mayer C, Plattner C, Laschober G, Rieder D, Hackl H, et al.
Molecular and pharmacological modulators of the tumor immune contexture
revealed by deconvolution of RNA-seq data. Genome Med. (2019) 11:34.
doi: 10.1186/s13073-019-0638-6

27. Li T, Fan J, Wang B, Traugh N, Chen Q, Liu JS, et al. TIMER: A web server for
comprehensive analysis of tumor-infiltrating immune cells. Cancer Res. (2017) 77:
€108-10. doi: 10.1158/0008-5472.Can-17-0307

28. Zeng D, Ye Z, Shen R, Yu G, Wu J, Xiong Y, et al. IOBR: multi-omics immuno-
oncology biological research to decode tumor microenvironment and signatures. Front
Immunol. (2021) 12:687975. doi: 10.3389/fimmu.2021.687975

29. Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-Garcia
W, et al. Inferring tumour purity and stromal and immune cell admixture from
expression data. Nat Commun. (2013) 4:2612. doi: 10.1038/ncomms3612

30. Jiang P, Gu S, Pan D, Fu ], Sahu A, Hu X, et al. Signatures of T cell dysfunction
and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550-8.
doi: 10.1038/s41591-018-0136-1

31. Meyers RM, Bryan JG, McFarland JM, Weir BA, Sizemore AE, Xu H, et al.
Computational correction of copy number effect improves specificity of CRISPR-Cas9
essentiality screens in cancer cells. Nat Genet. (2017) 49:1779-84. doi: 10.1038/ng.3984

32. Yang C, Huang X, Li Y, Chen ], Lv Y, Dai S. Prognosis and personalized
treatment prediction in TP53-mutant hepatocellular carcinoma: an in silico strategy
towards precision oncology. Brief Bioinform. (2021) 22:bbaal64. doi: 10.1093/bib/
bbaal64

33. Wang T, Li T, Li B, Zhao J, Li Z, Sun M, et al. Immunogenomic landscape in
breast cancer reveals immunotherapeutically relevant gene signatures. Front Immunol.
(2022) 13:805184. doi: 10.3389/fimmu.2022.805184

34. Wang T, Ba X, Zhang X, Zhang N, Wang G, Bai B, et al. Nuclear import of
PTPN18 inhibits breast cancer metastasis mediated by MVP and importin 2. Cell
Death Dis. (2022) 13:720. doi: 10.1038/s41419-022-05167-z

35. Coleman MP, Quaresma M, Berrino F, Lutz JM, De Angelis R, Capocaccia R,
et al. Cancer survival in five continents: a worldwide population-based study
(CONCORD). Lancet Oncol. (2008) 9:730-56. doi: 10.1016/s1470-2045(08)70179-7

36. Thorat MA, Balasubramanian R. Breast cancer prevention in high-risk women.
Best Pract Res Clin Obstet Gynaecol. (2020) 65:18-31. doi: 10.1016/
j-bpobgyn.2019.11.006

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1414450/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1414450/full#supplementary-material
https://doi.org/10.1016/j.intimp.2020.106535
https://doi.org/10.1021/am500883q
https://doi.org/10.1186/s40659-017-0140-9
https://doi.org/10.3390/cells10071758
https://doi.org/10.1006/mvre.1996.0025
https://doi.org/10.3389/fimmu.2024.1332942
https://doi.org/10.3389/fimmu.2024.1359204
https://doi.org/10.1038/s41392-022-00994-0
https://doi.org/10.1038/s41598-019-45165-4
https://doi.org/10.3389/fimmu.2022.1016612
https://doi.org/10.15252/embj.2020107333
https://doi.org/10.1016/j.cels.2019.03.003
https://doi.org/10.1126/science.abl5197
https://doi.org/10.1038/s41587-020-00795-2
https://doi.org/10.1038/s41467-021-21246-9
https://doi.org/10.1038/75556
https://doi.org/10.1093/nar/gkv1070
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1016/j.csbj.2021.06.043
https://doi.org/10.1016/j.ebiom.2021.103750
https://doi.org/10.1016/j.ebiom.2021.103750
https://doi.org/10.1186/s13059-016-1070-5
https://doi.org/10.1186/s13059-016-1070-5
https://doi.org/10.1007/978-1-0716-0327-7_17
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1186/s13073-019-0638-6
https://doi.org/10.1158/0008-5472.Can-17-0307
https://doi.org/10.3389/fimmu.2021.687975
https://doi.org/10.1038/ncomms3612
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1038/ng.3984
https://doi.org/10.1093/bib/bbaa164
https://doi.org/10.1093/bib/bbaa164
https://doi.org/10.3389/fimmu.2022.805184
https://doi.org/10.1038/s41419-022-05167-z
https://doi.org/10.1016/s1470-2045(08)70179-7
https://doi.org/10.1016/j.bpobgyn.2019.11.006
https://doi.org/10.1016/j.bpobgyn.2019.11.006
https://doi.org/10.3389/fimmu.2024.1414450
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al.

37. Ellis MJ, Suman V], Hoog ], Goncalves R, Sanati S, Creighton CJ, et al. Ki67
proliferation index as a tool for chemotherapy decisions during and after neoadjuvant
aromatase inhibitor treatment of breast cancer: results from the American college of
surgeons oncology group 71031 trial (Alliance). J Clin Oncol. (2017) 35:1061-9.
doi: 10.1200/jc0.2016.69.4406

38. Keskin G, Gumus AB. Turkish hysterectomy and mastectomy patients -
depression, body image, sexual problems and spouse relationships. Asian Pac |
Cancer Prev. (2011) 12:425-32.

39. Varghese F, Wong J. Breast cancer in the elderly. Surg Clin North Am. (2018)
98:819-33. doi: 10.1016/j.5uc.2018.04.002

40. Kinross KM, Montgomery KG, Kleinschmidt M, Waring P, Ivetac I, Tikoo A,
et al. An activating Pik3ca mutation coupled with Pten loss is sufficient to initiate
ovarian tumorigenesis in mice. J Clin Invest. (2012) 122:553-7. doi: 10.1172/jci59309

41. Ross RL, McPherson HR, Kettlewell L, Shnyder SD, Hurst CD, Alder O, et al.
PIK3CA dependence and sensitivity to therapeutic targeting in urothelial carcinoma.
BMC Cancer. (2016) 16:553. doi: 10.1186/s12885-016-2570-0

42. Xie], Kong X, Wang W, Li Y, Lin M, Li H, et al. Vasculogenic mimicry formation
predicts tumor progression in oligodendroglioma. Pathol Oncol research: POR. (2021)
27:1609844. doi: 10.3389/pore.2021.1609844

Frontiers in Immunology

17

10.3389/fimmu.2024.1414450

43. di Blasio L, Puliafito A, Gagliardi PA, Comunanza V, Somale D, Chiaverina G,
et al. PI3K/mTOR inhibition promotes the regression of experimental vascular
malformations driven by PIK3CA-activating mutations. Cell Death Dis. (2018) 9:45.
doi: 10.1038/s41419-017-0064-x

44. Pukhalskaia TV, Yurakova TR, Bogdanova DA, Demidov ON. Tumor-
associated senescent macrophages, their markers, and their role in tumor
microenvironment. Biochem (Mosc). (2024) 89:839-52. doi: 10.1134/
50006297924050055

45. Yamaguchi H, Hsu JM, Sun L, Wang SC, Hung MC. Advances and prospects of
biomarkers for immune checkpoint inhibitors. Cell Rep Med. (2024) 5(7):101621.
doi: 10.1016/j.xcrm.2024.101621

46. Purcell JW, Davis J, Reddy M, Martin S, Samayoa K, Vo H, et al. Activity of the
kinesin spindle protein inhibitor ispinesib (SB-715992) in models of breast cancer. Clin
Cancer research: an Off ] Am Assoc Cancer Res. (2010) 16:566-76. doi: 10.1158/1078-
0432.Ccr-09-1498

47. Zhang Y, Wang X, Li A, Guan Y, Shen P, Ni Y, et al. PP2A regulates
metastasis and vasculogenic mimicry formation via PI3K/AKT/ZEB1 axis in non-
small cell lung cancers. J Pharmacol Sci. (2022) 150:56-66. doi: 10.1016/
j.jphs.2022.07.001

frontiersin.org


https://doi.org/10.1200/jco.2016.69.4406
https://doi.org/10.1016/j.suc.2018.04.002
https://doi.org/10.1172/jci59309
https://doi.org/10.1186/s12885-016-2570-0
https://doi.org/10.3389/pore.2021.1609844
https://doi.org/10.1038/s41419-017-0064-x
https://doi.org/10.1134/s0006297924050055
https://doi.org/10.1134/s0006297924050055
https://doi.org/10.1016/j.xcrm.2024.101621
https://doi.org/10.1158/1078-0432.Ccr-09-1498
https://doi.org/10.1158/1078-0432.Ccr-09-1498
https://doi.org/10.1016/j.jphs.2022.07.001
https://doi.org/10.1016/j.jphs.2022.07.001
https://doi.org/10.3389/fimmu.2024.1414450
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Deciphering breast cancer prognosis: a novel machine learning-driven model for vascular mimicry signature prediction
	Introduction
	Methods
	Data acquisition
	Single-cell sequencing technique
	Inter-cellular communication analysis
	Functional analysis
	Calculating the VM-score
	Developing the VM prognostic model
	Genomic alteration evaluation
	Identifying TME disparities
	Determining therapeutic targets and drugs
	qRT-PCR and patient stratification
	Immunohistochemistry experiment

	Results
	Deciphering the VM-related genes in breast cancer
	Single-cell dissection of VM activity
	Elucidating cell-cell interaction dynamics in breast cancer
	Constructing a VM prognostic model via machine learning
	Evaluating and validating the predictive efficacy of the VM-model
	Multi-omics dissection of genetic variability through the lens of the VM-model
	Delineation of the immune infiltration landscape in breast cancer
	Forecasting immunotherapy outcomes with the VM-model
	Strategic selection of therapeutic targets and agents for high-risk VM patients

	Discussion
	Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


